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1. Introduction 


An the Copenhagen climate conference, the Chinese govern- 
ment promised that renewable energy consumption would 
account for 15% of primary energy consumption in China by 
2020 [1]. In reality, the development of renewable energy has 
attracted unprecedented attention not only in China but all over 
the world [2]. On the one hand, since the oil crisis in the 1970s, 
people have realized that fossil energy would be exhausted in 
dozens or hundreds of years according to the exploitation 
intensity of energy at that time [3]. Development of renewable 
energy is important for the security of energy supply [4-6]. On 
the other hand, since 1980s, with global warming and a sharp 
decline in environmental quality, people have reached a consen- 
sus of environmental protection and sustainable development [7]. 
Compared with fossil fuels, renewable energy is generally char- 
acterized by low or zero emission [8]. Development of renewable 
energy is of great significance for security of energy use [9]. 

Electricity generation is one of main options to use renewable 
energy [10]. For the government and state grid companies, it is 
important to know the maximum possible capacities of renew- 
able energy generation from different sources (mainly wind 
power, solar power and biomass power!) in order to plan 
construction of the power grid [11]. The perspective of maximum 
utilization is employed in this paper because the economic use of 
renewable generation is only a point in the solution space which 
is vulnerable to a lot of factors. However, the maximum utiliza- 
tion of renewable generation stands for the upper bound of 
possible solutions, which is relatively credible. The objective 
of this paper is to analyze the maximum size and structure of 
renewable energy generation, which is relevant to the planning of 
state grid companies and reducing the possibility of excess 
investment or lack of investment. Therefore, it has profound 
theoretical and practical value. 

The main factors affecting renewable energy generation 
include cost, technology maturity, economic development, grid 
technology, etc. [12,13]. Some of them can be estimated based on 
historical data while others can only be determined via planning 
documents from different sources and expert opinions. Using 
factors above as inputs, an integrated optimization model 
(Renewable Energy Optimization Model, REOM) is constructed 
to analyze the maximum size and structure of renewable energy 
generation for China in the future (2020). 

The paper is structured as shown in Fig. 1. We begin with a 
literature review and analyze the main affecting factors in Section 
2, followed by a description of methodology in Section 3. Section 
4 presents the empirical results and relevant sensitive analysis. 
Finally, some conclusions and possible future work are presented 
in Section 5. 


1 In the strict sense, renewable energy generation also includes hydro- 
electricity, geothermal energy, ocean energy, etc. Hydro-electricity has large 
ecological effects; hence its development is subject to a lot of political and 
ecological constraints. Therefore, its development is beyond the scope of this 
article. Other renewable energy generations is omitted because their shares in the 
total generation are very small. 


2. Literature review 


The economic literature concerning renewable energy genera- 
tion mainly includes two aspects: (1) analysis of main affecting 
factors (cost, technology maturity, etc.); (2) the comprehensive 
utilization of renewable energy generation based on various 
affecting factors. 


2.1. Cost of renewable energy generation 


Different from regular energy generation, cost (especially the 
unit investment cost) is one of the important factors affecting 
the scale development of renewable energy generation [14]. The 
analysis of cost of renewable energy generation focuses on two 
aspects: (1) using the learning curve to explore the developing 
characteristic of unit investment cost [15]; (2) combining the 
learn rates from learning curves with various energy models to 
study the energy, economic and environmental problems [16]. 

The learning curve model is used to describe and predict the 
law of decreasing cost of new technology. Its core idea is that 
when cumulative production is doubled the cost of new technol- 
ogy will decrease by a certain proportion [17]. Neij used the 
learning curve model to analyze the prospects of diffusion and 
application of renewable energy technology, mainly in wind 
power and photovoltaic systems [18]. His research showed that 
the cost of renewable energy technology declined with greater 
probability than conventional energy technology, though a lot of 
investment and relevant policy support are needed. Furthermore, 
he analyzed the prospect of cost of wind power using the learn 
curve model [19]. The result showed that although the decline of 
the cost of wind turbine was not very significant, there was still 
large potential for the deceasing cost of wind power due to the 
continuous improvement of wind turbine performance and 
decreasing operating costs. Assuming an annual growth rate of 
15-20% for the turbine market, in 2020 the average cost of wind 
power would fall by half. Kuemmel introduced the minimum cost 
and got a faster declining learning curve when he studied the 
development of wind power industry in Denmark [20]. 

In summary, the learning curve has become a mainstream 
method for forecasting the cost of renewable energy and has been 
studied continuously. 


2.2. The technology maturity of renewable energy generation 


Scale development of renewable energy cannot be separated 
from relevant technical support. The commonly used Theory of 
Invention Problem Solving (TIPS) states that any products are the 
technical systems supported by their core technology. The evolu- 
tion of a technology system includes four stages: infancy, growth, 
maturity and recession, which constitutes the life cycle of a 
product’s technology [21]. The stage of renewable energy gen- 
eration technology in its evolutionary process is technological 
maturity. 

There are a lot of methods for forecasting the maturity of the 
technology, such as patent analysis, bibliometrics, S-curve or a 
combination of them. In this paper, we would like to examine the 
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Fig. 1. Structure of this paper. 


effect of renewable energy technology maturity on its installed 
capacity, which is commonly referred to as the renewable energy 
technology diffusion model [22]. Collantes analyzed the potential for 
vehicle fuel technology using the logistic model [23]. Usha Rao and 
Kishore studied the growth of wind power in different states in India 
using the mixed influence model proposed by Bass [24]. Lund 
analyzed the potential for large-scale development and utilization 
of new energy technology using the experience curve and found that 
public policy and subsidies had important effects on the market 
penetration of new technology [25]. Purohit and Kandpal used the 
Bass model, logistic model, Pearl model and Gompertz model to 
study the potential of four pumping energy technologies in India 
and also estimated relevant investment costs [26]. 

The technology diffusion models can be classified in three 
categories: (1) external influence models; (2) internal influence 
models; (3) mixed effects models [27]. In general, technology 
diffusion model is a relatively mature method for research on 
renewable energy development. Despite the development of 
renewable energy technology being a complex process that does 
not follow a fixed pattern, technology diffusion model can still be 
used to estimate the potential of renewable energy from the 
perspective of historical data. 


2.3. The comprehensive utilization of renewable energy generation 


The development of renewable energy generation is subject to 
economic, environmental, technical and other constraints. 

Since the 1980s scholars have begun to study the comprehensive 
utilization of renewable energy. Jain believed that Integrated 


Renewable Energy System (IRES) for solar, wind and biomass was 
feasible from the perspectives of energy production and use [28]. 
Ramakumar extended the concept of renewable energy to include 
hydro and solar thermal energy [29]. Ramakumar further used linear 
programming to develop the IRES model for minimizing the annual 
cost under the constraints of energy and power [30]. Ashenayi and 
Ramakumar designed the IRES model based on technical and 
economic scenarios and included the loss of power supply 
as an important system variable [31]. Iniyan et al. developed an 
Optimal Renewable Energy Model (OREM) which minimized the 
ratio of cost and efficiency under the constraints of social 
acceptance, resource constraints, demand and reliability. 
The model took about 38 different types of renewable energy 
options into account [32]. As more and more attention was 
paid to climate change, environmental constraints were also inte- 
grated into the comprehensive utilization of renewable energy 
generation. Iniyan used Modified Econometric Mathematical 
(MEM) model, Mathematical Programming Energy-Economy- 
Environment (MPEEE) model, and Optimal Renewable Energy 
Mathematical (OREM) model to study the optimal utilization of 
Renewable Energy in India. In the model they took account of 
factors, such as cost, efficiency, social acceptance, reliability, poten- 
tial and demand [33]. 

In summary, the idea of mathematical optimization in the 
integrated planning of renewable energy has proven to be 
feasible. The contribution of this paper is to extend existing 
models to take account of the learning effects of costs, the 
technology diffusion effects, etc. and dynamically optimize the 
development path of renewable energy generation. 
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3. Methodology 


In this section, two sub-models (the learning curve model and 
the technology diffusion model) and the optimization model are 
introduced. The outputs of two sub-models are the inputs of the 
optimization model. 


3.1. The learning curve model 


The cost of renewable energy generation is one of the impor- 
tant factors affecting the scale development of renewable energy 
generation. The learning curve model is employed to describe the 
relationship between cumulative installed capacity and unit 
investment cost. The classical learning model [34,35] is 


C(t) = Co x Nit)? x et (1) 


where C(t) is the unit investment cost for the renewable genera- 
tion in the year t; Co is the unit investment cost for the renewable 
generation in the base year; N(t) is the cumulative installed 
capacity of the renewable generation in the year t; @ is the 
cumulative installed capacity elasticity coefficient of unit invest- 
ment cost for the renewable generation; u(t) is the random factor 
in the year t. 

The learning curve model is used to describe the downward 
trend of unit investment cost due to accumulated experience. 
Because there should be a minimum level for the unit investment 
cost [36], the learning curve model can be improved to consider 
this effect, as follows. 


C(t)—Cmin = Co x Nit)? x el(t) m 


where Cminis the minimum unit investment cost for renewable 
energy generation. 
The technology Progress Rate (PR) can be defined as 


PR=2° (3) 


For PR=0.8, it means if cumulative installed capacity is 
doubled, the unit investment cost will decrease by 20% (1-0.8). 
Learning Rate (LR) can be defined as 


LR = 1-2° (4) 
In order to facilitate the calculation, Eq. (2) can be transformed 

to Eq. (5). 

In(C(t)—Cmin) = InCo + PINNA) + MO) (5) 


Using the least square method, the cumulative installed 
capacity elasticity coefficient of unit investment cost (#) can be 


Table 1 
Definitions of variables. 


estimated. Furthermore, Progress Rate (PR) and Learning Rate (LR) 
can be calculated according to Eqs. (3) and (4). 


3.2. The technology diffusion model 


The diffusion law of renewable energy generation reflects the 
time needed for people to adopt it [37], which represents its 
potential to some extent. Technology diffusion theory believes 
that the development of renewable energy technology generally 
experiences three stages: (1) a long period of slow growth; (2) a 
fast take-off period; (3) finally saturation. Therefore, the devel- 
opment of renewable energy technology generally follows the 
sigmoid curve. 

The basic diffusion model can be expressed as 


dM(t)/dt = f(}\[m—M(o)] (6) 


where M(t) is the maximum possible cumulative installed capa- 
city (potential) in period t: m is the theoretical maximum possible 
installed capacity; f(t) is a function dependent on time which 
determines the type of technology diffusion model. 

This paper adopts the mixed effects model presented by 
Collantes [23], which is 


MƏ \ _ 
In (aa) =a+ft (7) 


where «& and f are parameters. The model considers the impact of 
time and resource endowment on the diffusion of renewable 
energy technology. 


3.3. Renewable Energy Optimization Model (REOM) 


In this section, we want to forecast the maximum size and 
structure of renewable generation. Inspired by the IRES and OREM 
models, a dynamic optimization model is employed in this 
section. The objective function is to maximize total generation 
from three renewable sources in 2020. There are four types 
of constraints: (1) installed capacity of a renewable energy 
type is less than its potential (given by the diffusion model) in 
each year; (2) total investment for renewable generation is 
affordable in each year; (3) total on-grid renewable generation 
is less than a certain proportion (the technology constraint 
of the power grid) in each year; (4) installed capacities of 
renewable generation must meet the state’s plans. The specific 


Variable Definition 


Variable Definition 


M,(t) Potential of wind power in year t (MW) Ms(t) 

M,(t) Potential of biomass power in year t (MW) Aw(t) 

As(t) Newly added capacity of solar power in year t (MW) Ap(t) 

Cw(t) Unit investment cost for wind power in year t (10*Yuan/KW) C(t) 

C,(t) Unit investment cost for biomass power in year t (10fYuan/ y 
KW) 

G(t) GDP in year t Lu 

I; Total installed capacity in year t (MW) (given by IEA’s Py(t) 
forecasting) 

P,(t) The planned capacity of solar power in year t (MW) P,(t) 

Canis The minimum unit investment cost of wind power (10*Yuan/ C;,min 
KW) 

Chimi The minimum unit investment cost of biomass power Nw(t) 
(10*Yuan/KW) 

N,(t) The cumulative installed capacity of solar power in year t N,(t) 


Potential of solar power in year t (MW) 

Newly added capacity of wind power in year t (MW) 

Newly added capacity of biomass power in year t (MW) 

Unit investment cost for solar power in year t (Yuan/MW) 

The maximum proportion of GDP which can be used for investment of renewable 
generation 

The maximum on-grid proportion of renewable generation 

The planned capacity of wind power in year t (MW) 


The planned capacity of biomass power in year t (MW) 
The minimum unit investment cost of solar power (10*Yuan/KW) 


The cumulative installed capacity of wind power in the year t 


The cumulative installed capacity of biomass power in the year t 
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model is shown as follows: 


max 2000Ny(2020)+ 1300N,(2020)+ 2380N,(2020) (8) 


Nw(t) < M(t) (9) 
Ns(t) < Ms(t) (10) 
N © < MO (11) 
CW OAW + COAH + COA <O (12) 
NWO +N: (O) +N) < ue) (13) 
Ny(2010) > P,,(2010) (14) 
N,(2010) > P;(2010) (15) 
N,(2010) > P,(2010) (16) 
Nw(2020) > Py(2020) (17) 
N,(2020) > P;(2020) (18) 
subject to: ¢ Np(2020) > Pp(2020) (19) 
Nw(t) = Nw(t—1)+Aw(0) (20) 
Ns) = Ns(t—1)+As(t) (21) 
N © = Np(t-1) +A, (0) (22) 
Cw(t) = Cw,min+ Cw(to)Nw(t—to)™ (23) 
C;(t) = Cs min + Cs(to)Ns(t—to)® (24) 
Co(t) = Ch,min +Cp(to)Np(t—to)” (25) 
Ay(t) > 0 (26) 
A,(t) > 0 (27) 
A,(t) => 0 (28) 


t = 2009,...,2020 


The meanings of the variables in Eqs. (8)-(28) are listed in 
Table 1. 

The objective function, Eq. (8), is to maximize total renewable 
generation in 2020 where 2000, 1300 and 2380 are the annual 
utilizable hours per unit capacity of wind power, solar power and 
biomass power respectively. Constraints (9)-(11) are potential lim- 
itations, which mean that the installed capacities of renewable 
generation cannot exceed their potential in each year. Constraint 
(12) is the economic limitation, which means that the total cost of 
added capacity cannot exceed a certain proportion of GDP. Constraint 
(13) is the power grid technology limitation, which means that the 
total installed capacity of renewable generation cannot exceed a 
certain proportion of total installed capacity. Constraints (14)-(19) 
are planning limitations, which mean that installed capacity of 
renewable generation must achieve targets in 2010 and 2020. 
Constraints (20)-(22) are state transition functions, which indicate 
the dynamic relations between added and cumulative capacities in 
each years. Here we do not consider the retirement of generators 
because currently most renewable generators are quite new and will 
not be retired before 2020. Constraints (23)-(25) are dynamic cost 
functions of renewable generation considering the learning effects. 
Constraints (26)-(28) are non-negative constraints, which mean that 
added capacities cannot be negative in each year. The initial values of 
the main parameters are listed in Table 2. 


Table 2 
Initial values of main parameters in the optimization model. 


4. Model results and sensitivity analysis 
4.1. Cost of renewable energy generation 


4.1.1. Wind power 

The data relating to installed wind power capacity in China is 
from the Chinese Wind Energy Association and World Wind 
Energy Council and shown in Fig. 2. The data of unit investment 
cost of wind power is from Zhang [38]. 

The results for wind power from Eqs. (3)-(5) are shown in 
Table 3. 

It can be seen from Table 3 that as the minimum unit 
investment cost of wind power (Cmin) increases, the value of o 
decreases and the learning rate (LR) increases, which means that 
the decline rate of unit investment cost increases when the 
cumulative installed capacity is doubled. For example, when Cmin 
is zero, the technological progress rate is 0.886; while Chin is 
0.4 x 10* Yuan/KW, the technological progress rate becomes 
0.821. If the cumulative installed capacity of wind power is 
doubled, the decline rate of its unit investment cost increases 
from 11.4% (1-0.886) to 17.9% (1-0.821). 


4.1.2. Solar power 

The data of unit investment cost and cumulative installed 
capacity of solar power is mainly from Zheng and Liu [39]. The 
remaining data is collected by the author, as shown in Fig. 3. 

The results for solar power from Eqs. (3)-(5) are shown 
in Table 4. 

It can be seen from Table 4, solar power shows similar learning 
effects to wind power. As the minimum unit investment cost of 
solar power (Cin) increases, the value of @ decreases which lowers 
the technological progress rate and increases the learning rate. It 
means that unit investment cost declines faster when the cumula- 
tive capacity is doubled. For example, when Cmin is zero the 
technological progress rate is 0.873, while Cmin is 12 Yuan/Wp the 
technological progress rate becomes 0.826. Thus when the mini- 
mum unit investment cost increases from 0 to 12 Yuan/Wp, the 
decline rate of unit investment cost changes from 12.7% (1-0.873) to 
17.4% (1-0.826) when the cumulative installed capacity is doubled. 


4.1.3. Biomass power 

Current utilization of biomass in China mainly focuses on 
biomass power, biogas and biomass liquid fuel, etc. In respect to 
biomass power, there are agricultural and forestry waste genera- 
tion, waste generation and biogas generation. 

Because various types of biomass power have not yet entered 
the phase of scale development, there are neither commercial 
examples nor enough historical data to estimate coefficients. 
According to Pu [40], the learning curve can instead be approxi- 
mated as Eq. (29). 


C= 5500+8500 x (N(t)/720) 048 (29) 


Table 3 
PR and LR of wind power for different Cmin- 


Parameter Initial value Parameter Initial value Cmin (ten thousands Yuan/KW) ob PR LR 
N,(2008) 12153 N,(2008) 145 0 —0.174 0.886 0.114 
N,(2008) 3150 y 0.00005 0.1 —0.193 0.875 0.125 
H 0.3 Pw(2010) 5000 0.2 —0.216 0.861 0.139 
Py(2020) 100000 P,(2010) 1000 0.3 —0.245 0.844 0.156 
P;(2020) 20000 P,,(2010) 5500 0.4 —0.284 0.821 0.179 
P,,(2020) 30000 Cw,min 0.2 


© ein 0.3 Cronin 0.55 


Note: The results in Table 3 are all statistically significant at the 99% confidence 
level. 
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Fig. 2. The relationship between cumulative installed capacity and unit investment cost of wind power in China. 
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Fig. 3. The relationship between cumulative installed capacity and unit investment cost of solar power in China. 


Table 4 
PR and LR of solar photovoltaic for different Cmin. 


Table 5 
Coefficient estimation of technology diffusion model for wind power. 


Cmin (Yuan/Wp) o PR LR 
0 —0.196 0.873 0.127 
3 —0.211 0.864 0.136 
6 —0.229 0.853 0.147 
9 —0.25 0.841 0.159 
12 —0.276 0.826 0.174 


Note: The results in Table 4 are statistically significant at the 99% confidence level. 


4.2. The potential of renewable energy generation 


4.2.1. Wind power 

The results for wind power from Eq. (7) are listed in Tables 5 
and 6. 

It can be seen from Tables 5 and 6 that the diffusion model fits 
the historical data well. Based on the model above, the potential 
of wind power from 2011 to 2020 can be calculated and is shown 
in Fig. 4. 

It can be seen from Fig. 4 that potential of wind power in China 
can reach 194 GW in 2015 and 433 GW in 2020. 


4.2.2. Solar power 
The same method is employed for solar power. Some results 
are listed in Tables 7 and 8. 


Model Unstandardized coefficients t Sig 
B Std. error 
a — 8.982 0.228 — 38.243 0.000 
B 0.367 0.032 11.354 0.000 
Table 6 


Model summary of the diffusion model for wind power. 


R R square Adjusted R Square 


0.96 0.928 0.922 


It can be seen from Fig. 5 that potential of solar power in China 
can reach 4.8 GW in 2015 and 26 GW in 2020. 


4.2.3. Biomass power 

Because the development of biomass power is relatively late, 
relevant data is limited. The diffusion of biomass power is judged 
mainly according to the construct plan of biomass power plant. 
The potential of biomass power is estimated to be 15 GW in 2015 
and 30 GW in 2020. 


100 
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—— Projected data 


—- Historical data 


Fig. 4. Projected and historical data of potential of wind power in China. 


Table 7 
Coefficient estimation of technology diffusion model for solar power. 


Model Unstandardized coefficients t Sig 
B Std. error 
a — 18.746 0.149 — 125.744 0.000 
B 0.267 0.012 21.477 0.000 
Table 8 


Model summary of the diffusion model for solar power. 


R R square Adjusted R Square 


0.981 0.962 0.96 


4.3. Model results 


It can be seen from Fig. 6 that from the perspective of 
maximum utilization installed capacities of wind power, solar 
power and biomass power will reach 65999, 8000 and 12210 MW 
in 2015, and reach 233321, 26680 and 35506 MW in 2020, 
respectively. According to the draft of the new energy promotion 
plan and the long-term development planning of renewable 
energy, the expected install capacities of wind power, solar power 
and biomass power will reach 150000, 20000 and 30000 MW. 
Therefore, the total installed capacities of three renewable 
sources from the perspective of maximum utilization will be 
47.75% higher than planned. The installed capacities of wind 
power, solar power and biomass power will be 55.5%, 33.4% and 
18.4% higher than planned. Compared with biomass power, wind 
power and solar power have larger development potential. 

It can be seen from Fig. 7 that from the perspective of 
maximum utilization and considering the downward trends of 
unit investment costs, biomass power will develop fast in the 
initial stage, and newly added capacity will reach 7189 MW in 
2012. Wind power will increase rapidly in the final stage: newly 
added wind power will reach 75619 MW from 2019 to 2020. Solar 
power will maintain relatively stable growth with average 
annual installed capacity reaching 2211 MW from 2009 to 
2020. 

It can be seen from Fig. 8 that there are downward trends for 
the unit investment costs of renewable energy generation. Wind 
power has the lowest unit investment cost and solar power 
the largest. There is a sharp decline in the unit investment cost 
for solar power because of the large investment in solar power 
in the early stage, which underlies its subsequent scale 


development. According to the model, the unit investment costs 
of wind, solar and biomass power will fall to 4900 13300 Yuan/ 
KW and 5800 in 2015, and to 4400 11000 Yuan/KW and 
5700 Yuan/KW in 2020. 


4.4. Sensitivity analysis of main uncertainties 


The maximum size of renewable energy generation is 
primarily affected by the unit investment cost technology 
maturation, macro investment ratio and acceptable capacity 
of power grid for renewable generation. However, there are 
large uncertainties in these factors. We focus on the macro 
investment ratio and the acceptable capacity of power grid, and 
test how different values for these two factors influence the 
results. 

It can be seen from Fig. 9 that when the investment ratio 
increases from 2%o to 5%, the maximum sizes of renewable 
energy generation approaches to the saturation. When the invest- 
ment ratio is less than 1%o, the model cannot find a feasible 
solution which implies a too strict financial constraint. With the 
increase of investment ratio, wind power can have a considerable 
development. When y is 2%, the installed capacity of wind power 
will reach 139049 MW in 2020. If y is changed to 4%o, the 
installed capacity of wind power will reach 233321 MW (increase 
by 67.7%). When y is increased from 2%o to 4%o the installed 
capacities of solar power and biomass power in 2020 increase by 
33.4% and 18.35% compared with them when y is 2%o. 

It can be seen from Fig. 10 that with the increase of u the 
maximum installed capacities of renewable energy approaches to 
the saturation. The increase of on-grid proportion of renewable 
energy has mainly a strong effect on the installed capacities of 
wind power and solar power in 2020. When yp is 0.15, the installed 
capacities of wind power and solar power in 2020 are 163494 and 
20000 MW. When w is larger than 0.25, the installed capacities of 
wind power and solar power will reach 233321 and 26680 MW 
respectively. 


5. Main conclusions and future work 


The presented model maximizes the future generation of 
renewable energy (wind power, solar power and biomass power) 
by optimal planning of investment in capacity, subject to a 
number of constraints: economic, technological, etc. The main 
conclusions are: 


(1) The installed capacities of wind power, solar power and biomass 
power will reach 65999, 8000 and 12210 MW in 2015, and 
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Fig. 5. Projected and historical data of potential of solar power in China. 
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Fig. 6. Installed capacities of three types of renewable generation from the perspective of maximum utilization. 
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Fig. 7. Newly added capacities of three types of renewable generation from the perspective of maximum utilization. 


233321, 26680 and 35506 MW in 2020 respectively. Compared 
with relevant plans, it is found that wind power and solar power 
have larger development potential than biomass power. 

(2) When considering expected declines in the unit investment 
cost and a constraint on technology diffusion, the added 
capacities of the three types of renewable energy generation 
show different developments. Biomass power grows rapidly 
in the early periods, while wind power grows rapidly in the 
final periods. Solar power maintains relatively stable growth. 

(3) Unit investment cost declines with increasing installed renewable 
energy capacity. The unit investment cost of wind power is the 


least and solar power is the largest. Due to the added capacities of 
solar power in the early stage, its unit investment cost shows a 
large decline, which is good for its following scale development. 
The unit investment costs of wind power, solar power and 
biomass power will reach 4900 13300 and 5800 Yuan/KW in 
2015, and 4400, 11000 and 5700 Yuan/KW in 2020. 

(4) The investment ratio constraint has a large effect on installed 
capacity of wind power in 2020. The increase of on-grid 
proportion of renewable energy generation has a significant 
effect on installed capacities of wind power and solar power 
in 2020. 
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Fig. 8. The unit investment costs of three renewable energy sources from the perspective of maximum utilization. 
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Fig. 9. Effect of the investment ration (y) on the maximum sizes of renewable generation in 2020. 
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Fig. 10. The effects of acceptable capacity of power grid (u) on the maximum installed capacities of three renewable sources in 2020. 


Forecasting the development of renewable energy generation is 
difficult but an important challenge. This paper provides an inte- 
grated framework for analyzing the development path of renewable 
energy generation dynamically while considering the learning effect 
of unit investment cost and the effect of technology diffusion. Other 
potential constraints on development of renewable energy, such as 
environmental constraint, can be added in the future. And the 
forecasting can be renewed once new data is available. 


Acknowledgments 


The author gratefully acknowledges the good research envir- 
onments provided by the Centre for Environmental and Climate 
Research (CEC), Lund University. I thank Yi-Ming Wei for fruitful 
discussions and Mark Brady for reading and commenting the final 
manuscript. I also thank Editor-in-Chief L. Kazmerski and the 
anonymous referees for their helpful suggestions and corrections 


R.-G. Cong / Renewable and Sustainable Energy Reviews 17 (2013) 94-103 103 


on the earlier draft of the paper which improved the contents. 
This research is funded by “Biodiversity and Ecosystem services in 
a Changing Climate-BECC”. The funders had no role in study 
design, data collection and analysis, decision to publish, or 
preparation of the manuscript. The contents are the responsibility 
of the author and do not necessarily reflect the views of Centre for 
Environmental and Climate Research (CEC), Lund University. 


References 


[1] Christoff P. Cold climate in Copenhagen: China and the United States at 
COP15. Environmental Politics 2010;19:637-56. 

[2] Dincer I. Renewable energy and sustainable development: a crucial review. 
Renewable & Sustainable Energy Reviews 2000;4:157-75. 

[3] Chang J, Leung DYC, Wu CZ, Yuan ZH. A review on the energy production, 
consumption, and prospect of renewable energy in China. Renewable & 
Sustainable Energy Reviews 2003;7:453-68. 

[4] Duić N, da Graça Carvalho M. Increasing renewable energy sources in island 
energy supply: case study Porto Santo. Renewable & Sustainable Energy 
Reviews 2004;8:383-99. 

[5] Wei YM, Wu G, Fan Y, Liu LC. Empirical analysis of optimal strategic 
petroleum reserve in China. Energy Economics 2008;30:290-302. 

[6] Wu G, Fan Y, Liu LC, Wei YM. An empirical analysis of the dynamic 
programming model of stockpile acquisition strategies for China’s strategic 
petroleum reserve. Energy Policy 2008;36:1470-8. 

[7] Zhang KM, Wen ZG. Review and challenges of policies of environmental 
protection and sustainable development in China. Journal of Environmental 
Management 2008;88:1249-61. 

[8] Perry S, Klemes J, Bulatov I. Integrating waste and renewable energy to 
reduce the carbon footprint of locally integrated energy sectors. Energy 
2008 ;33:1489-97. 

[9] Wu G. Some management models on oil security and its application. Beijing: 
University of Science and Technology of China; 2006. 

[10] Omer AM. Renewable energy resources for electricity generation in Sudan. 
Renewable & Sustainable Energy Reviews 2007;11:1481-97. 

[11] Wang Q. Effective policies for renewable energy—the example of China’s 
wind power—lessons for China’s photovoltaic power. Renewable & Sustain- 
able Energy Reviews 2010;14:702-12. 

[12] Cong RG, Wei YM. Potential impact of (CET) carbon emissions trading on 
China’s power sector: a perspective from different allowance allocation 
options. Energy 2010;35:3921-31. 

[13] Kumbaroglu G, Madlener R, Demirel M. A real options evaluation model for 
the diffusion prospects of new renewable power generation technologies. 
Energy Economics 2008;30:1882-908. 

[14] Menanteau P, Finon D, Lamy ML. Prices versus quantities: choosing policies 
for promoting the development of renewable energy. Energy Policy 
2003;31:799-812. 

[15] Goldemberg J, Coelho ST, Nastari PM, Lucon O. Ethanol learning curve—the 
Brazilian experience. Biomass & Bioenergy 2004;26:301-4. 

[16] Messner S. Endogenized technological learning in an energy systems model. 
Journal of Evolutionary Economics 1997;7:291-313. 

[17] Argote L, Epple D. Learning curves in manufacturing. Science 1990;247: 
920-4. 


[18] Neij L. Use of experience curves to analyse the prospects for diffusion and 
adoption of renewable energy technology. Energy Policy 1997;25:1099-107. 

[19] Neij L. Cost dynamics of wind power. Energy 1999;24:375-89. 

[20] Kuemmel B. Windpower econometrics. Energy Policy 1999;27:941-2. 

[21] Nieto M, Lopéz F, Cruz F. Performance analysis of technology using the 
S curve model: the case of digital signal processing (DSP) technologies. 
Technovation 1998;18:439-57. 

[22] Jacobsson S, Lauber V. The politics and policy of energy system transforma- 
tion—explaining the German diffusion of renewable energy technology. 
Energy Policy 2006;34:256-76. 

[23] Collantes GO. Incorporating stakeholders’ perspectives into models of new 
technology diffusion: the case of fuel-cell vehicles. Technological Forecasting 
and Social Change 2007;74:267-80. 

[24] Usha Rao K, Kishore VVN. Wind power technology diffusion analysis in 
selected states of India. Renewable Energy 2009;34:983-8. 

[25] Lund P. Market penetration rates of new energy technologies. Energy Policy 
2006;34:3317-26. 

[26] Purohit P, Kandpal TC. Renewable energy technologies for irrigation water 
pumping in India: projected levels of dissemination, energy delivery and 
investment requirements using available diffusion models. Renewable & 
Sustainable Energy Reviews 2005;9:592-607. 

[27] Rao KU, Kishore VVN. A review of technology diffusion models with special 
reference to renewable energy technologies. Renewable & Sustainable Energy 
Reviews 2010;14:1070-8. 

[28] Jain BC. Rural energy centres based on renewable-case study on an effective 
and viable alternative. IEEE Transactions on Energy Conversion 1987;3: 
329-35. 

[29] Ramakumar R. Renewable energy sources and developing countries. IEEE 
Transactions on Power Apparatus and Systems 1983;2:502-10. 

[30] Ramakumar R, Shetty PS, Ashenayi K. A linear programming approach to the 
design of integrated renewable energy systems for developing countries. IEEE 
Transactions on Energy Conversion 1986;4:18-24. 

[31] Ashenayi K, Ramakumar R. IRES—a program to design integrated renewable 
energy systems. Energy 1990;15:1143-52. 

[32] Iniyan S, Jagadeesan TR. On the development of a reliability based optimal 
renewable energy model for the sustainable energy scene in India. Interna- 
tional Journal of Ambient Energy 1997;18:153-64. 

[33] Iniyan S, Suganthi L, Samuel AA. Energy models for commercial energy 
prediction and substitution of renewable energy sources. Energy Policy 
2006;34:2640-53. 

[34] Adler PS, Clark KB. Behind the learning curve: a sketch of the learning 
process. Management Science 1991;37:267-81. 

[35] Yu CF, van Sark WGJHM, Alsema EA. Unraveling the photovoltaic technology 
learning curve by incorporation of input price changes and scale effects. 
Renewable & Sustainable Energy Reviews 2011;15:324-37. 

[36] Spence AM. The learning curve and competition. Bell Journal of Economics 
1981;12:49-70. 

[37] Geroski PA. Models of technology diffusion. CEPR Discussion Papers; 1999. 

[38] Zhang Y. The evaluation method for wind energy exploitation and its 
application in china. Beijing: Chinese Academy of Science; 2008. 

[39] Zheng ZN, Liu DS. Learning curve model of solar PV modules and policy 
implication for China. Acta Energiae Solaris Sinica 2005;26:93-8 [in Chinese]. 

[40] Pu XP, Fan JC, Wang YG. Effect on biomass generation power from the 
learning curve and policy. Renewable Energy Resources 2009;27:84-8. 


